The complex cellular network was formed by the interacting gene modules. Building 10 the high-quality RNA-seq-based Gene Co-expression Network (GCN) is critical for 11 uncovering these modules and understanding the phenotypes of an organism. Here, 12 we established and analyzed the RNA-seq-based GCNs in two monocot species rice 13 and maize, and two eudicot species Arabidopsis and soybean, and subdivided them 14 into co-expressed modules. Taking rice as an example, we associated these modules 15 with biological functions and agronomic traits by enrichment analysis, and discovered 16 a large number of conditin-specific or tissue-specific modules. In addition, we also 17 explored the regulatory mechanism of the modules by enrichment of the known 18 cis-elements, transcription factors and miRNA targets. Their coherent enrichment with 19 the inferred functions of the modules revealed their synergistic effect on the gene 20 expression regulation. Moreover, the comparative analysis of gene co-expression was 21 performed to identify conserved and species-specific functional modules across 4 22 plant species. We discovered that the modules shared across 4 plants participate in the 23 basic biological processes, whereas the species-specific modules were involved in the 24 spatiotemporal-specific processes linking the genotypes to phenotypes. Our research 25 provides the massive modules relating to the cellular activities and agronomic traits in 26 several model and crop plant species.
Introduction 31
The complex cellular network formed by the interacting macromolecules underlie an 32 organism's phenotypes 1-3 . Biomolecules are often thought to organize into interacting 33 modules (functional building blocks) for completing a specific biological process 4-6 . 34 This standpoint is supported by the fact that many observable phenotypic variances 35 are often not determined by a single gene but by a set of interacting genes 7 . 36 Systematic reconstructing a complete map of these interacting molecular modules are 37 crucial for understanding an organism's genetic architecture underlying phenotypes. 38 Several methods have been developed to find functional gene modules by utilizing 39 transcriptome data. Differential Expression (DE) analysis uses traditional statistical 40 hypothesis testing-based approach, such as t-test, F-test, ANOVA or negative binomial 41 test for assessing statistical significance of an observed expression change of each 42 individual gene by comparing the between-conditions variation and within-condition 43 variation, which can reveal the genes related to specific experimental conditions or 44 sample types 8-10 . However, differentially expressed genes are only a proxy for finding 45 the key molecular modules related to our concerned biological questions because of 46 highly dynamic transcriptome in different types of cells, tissues and experimental 47 conditions 11 . Complementary with the DE analysis, differential gene co-expression 48 analysis aims to identify a group of differently co-expressed genes under two or more 49 conditions, which has been applied to discern condition-specific gene co-regulation 50 patterns [12] [13] [14] [15] . Differential co-expression analysis is especially effective in detecting 51 biologically important genes that have less dramatic expression changes for certain 52 conditions 16, 17 . Other than the two methods above, bi-clustering analysis is an 53 approach that performs simultaneous clustering on genes and conditions across a wide 54 range of transcriptome experiments. This method can discern the groups of genes that 55 demonstrate similar expression patterns underlying the specific conditions but behave 56 independently under other conditions. Though bi-clustering can identify a broad set of 57 overlapping modules and thus present a global perspective on transcriptional network, 58 genome-wide application of this approach is generally hampered by its inherent high 59 computational complexity 18 . Gene co-expression meta-analysis is another powerful 60 method, which adopted the all experimental conditions to build co-expression network. 61 When compared with bi-clustering analysis 19-23 , its simplicity make it a powerful tool 62 for identifying transcriptional modules. 63 In this study, using the ensemble pipeline used to build the rice RNA-seq-based Gene 64 Co-expression Network (GCN) (unpublished method, under review), we further built as an example, we associated the modules with biological functions and agronomic 68 traits, and found a large number of condition-specific and tissue-specific modules. In 69 addition, we also investigated the transcriptional regulatory mechanisms of modules 70 by integrating known cis-element, transcription factors and miRNA targets. Moreover, 71 we performed the comparative analysis of co-expressions across the 4 plant species to 72 find the conserved and species-specific functional modules. Our research revealed the 73 massive gene modules associating with the cellular activities and agronomic traits in 74 several model and crop plant species, which provides a valuable data source for plant 75 genetics research and breeding. 76 
Results

77
Topological and biological properties of RNA-seq-based GCNs 78 The topological and biological properties of 4 RNA-seq-based GCNs built using the 79 ensemble inference pipeline were analyzed. All these networks show the small-world 80 characteristic with an average path length between any two nodes are smaller than 7 81 (Table S2 ). The distributions of node degrees obey the truncated power-laws where 82 most nodes have a few co-expression partners with only a small ratio of hub nodes 83 associating with a large number of partners ( Fig.S1 ). We found that hub genes (with 84 degree >200) were more functionally diversified than random ones in all four species 85 (Wilcoxon rank sum test, p-value=8.46E-3 for Arabidopsis, p-value=6.23E-4 for rice, 86 p-value=1.18E-7 for maize and p-value=2.20E-4 for soybean). This indicated that the 87 hub genes of the co-expression networks might not be necessary to participate in 88 central biological functions but provide the cross talks between different biological 89 processes 24 . On the other hand, we found that the likelihood of a gene to be essential 90 increases with its degree, betweenness and closeness centricity, and they were more 91 conserved across all plants ( Fig.S2-S5 ). The negative correlation between the degrees 92 (K) and the clustering coefficients (C) of genes revealed hierarchical and modular 93 natures of these networks and the possible synergistic regulation of gene expression 94 ( Fig.S6) 21 . 95 Function and synergistic regulation of rice co-expression modules 96 One important feature of co-expression network is the modular structure, with genes 97 sharing more connections within the module than between the modules. We adopted 98 the Markov CLustering (MCL) method to obtain 772 gene co-expression modules (the 99 number of genes > 5) in rice (Dataset 3). Of these modules, 771 modules are enriched 100 in GO terms, pathways, protein functional domains or Tos17 mutant phenotypes. We 101 found that the genes in co-expression modules shared more similar biological roles 102 than the random selected genes (Wilcoxon rank sum test, p-value = 5.06E-07). Based 103 on the enriched functions and gene expression patterns, we selected 12 gene modules 104 participating in fundamental and condition-specific processes for further analysis (see 105 Supplementary Text, Dataset 4, Dataset 5, Fig.S7-Fig.S10 for details). Among them, 5 106 gene modules are involved in photosynthesis; 4 modules are related to development of 107 the reproductive organs, 2 modules were associated with cell cycle regulation and 2 108 modules were related to stress responses. For example, we found that two modules 109 showing the pollen specific expression patterns (Fig.1) include a large amount of 110 genes involving in the cell division, pollen germination, pollen tube growth and pollen 111 sperm cell differentiation (Dataset 6). 112 The expression of a gene is often controlled by multiple factors such as transcription 113 factors and miRNAs 25 . Here, we further explored the regulation mechanisms of the 114 co-expressed modules. We found known cis-elements in 770 modules, and found that 115 208 modules were enriched with targets of the same microRNAs and 291 modules 116 were enriched with genes co-expressed with the common transcription factors. We 117 also observed that the pairs of genes within co-expression modules, on average, have 118 more common transcription factors and target genes of the same microRNAs than 119 pairs of genes within random modules (Wilcoxon rank sum test, p-value=2.49E-28 for 120 transcription factor and p-value=2.94E-28 for microRNA target). All these results 121 suggested that the transcription factors or microRNAs tend to coordinately regulate 122 targets sharing similar biological functions. 123 We found many examples in which the modules were simultaneously regulated by (Table 1 ). In addition, 18 known cis-regulatory elements involving in light regulation 156 are also enriched in these modules (Table 2) . In another instance, we observed that the 157 TCP, CPP and E2F/DP family of transcription factors are strongly linked to cell cycle 158 modules (Table 2) . And the known cell cycle motifs of E2FCONSENSUS, E2FAT and 159 E2FANTRNR are also enriched (Table 2) . For the pollen-specific modules, M-type 160 transcription factors are tightly linked, and three known cell cycle cis-elements 161 E2FCONSENSUS, E2FANTRNR and E2FAT were enriched (Table 1 and Table 2 ). In 162 terms of stress response modules, WRKY, MYB, NAC and ERF transcription factors 163 are linked with them. And three known stress response elements WBOXATNPR1, 164 MYB1AT and ELRECOREPCRP1 are enriched (see Table 1 and Table 2 170 We asked whether the genes associating with common agronomic traits were placed 171 and enriched in the co-expression modules. Interestingly, we found genes relating to 172 the same agronomic traits were co-placed in the common modules (Table 3) , which is 173 consistent in functions with the agronomic trait. Firstly, it is expected that Module #7 174 whose genes were enriched in the agronomic traits of source activity. Secondly, Module #5 and Module #10 (modules participating in cell cycle) contain a large 176 number genes relating to the agronomic traits of sterility and dwarf. Thirdly, genes 177 associated with the agronomic trait of panicle flower were enriched in the Module #30. 178 In addition, we also found that both Module #1 and Module #6 (containing the large 179 number of pathogenesis-related transcription factors) whose genes were enriched in 180 the agronomic traits relating to various resistances. Interestingly, we observed a 181 module related to physiological trait of eating quality, and genes in this module were 182 involved in starch biosynthesis, which is consistent with the fact that the component 183 and molecular structure of starch are correlated with rice eating quality 30,31 . These 184 obtained results suggested that genes controlling the same agronomic traits were 185 intrinsically clustered together in the network. According to the ranking of the number 186 of links with known agronomic trait genes, we selected top 10 candidate biochemical Table S3 , Table S4 , Table S5 , Dataset 9 and Dataset 10 for 207 details). As demonstrated in Fig.3 , we can observe that the co-expressions are more 208 conservative within monocotyledons or dicotyledons than between monocotyledons 209 and dicotyledons. In addition, using the co-expression neighbors-based inference 34 , 210 we also found that the predicted functions of orthologous genes between species are 211 more consistent than the random control genes (see Table S6 for details). 212 To analyze and compare the functional groups of these co-expression networks, we 213 subdivided the network of each species into co-expressed functional modules based 214 on co-expression link density and functional annotation similarity (for details, see 215 Materials and Methods section). As a result, we here obtained 1396, 975, 1115 and 216 1065 modules for rice, Arabidopsis, maize and soybean, respectively. To assess the 217 quality and reliability of obtained modules, we calculated for each real module the 218 fraction of genes that own at least one homologue in a second species and compared 219 with random modules. As expected, we found that the most modules have either 220 significantly less or more homologous genes in other species than the random 221 modules ( Fig.4 and Table S7 ). 222 We next focused on identifying the conserved functional modules sharing homologous Fig.S11-S12) . In contrast, the co-expressions in the subnetworks involving in stress 256 response and flower development process were relatively less conserved between 257 different plants ( Fig.S13-S14 ). ones that are simply co-expressed with a gene. We analyzed the regulatory mechanism 298 of the modules by integrating the known motifs, transcription factor and microRNA 299 targets. The outcomes demonstrated the strong agreements between the enriched 300 known motifs, transcription factor, microRNAs and the enriched functions of modules. 301 This agreement can be applied to infer the new regulatory interactions between the 302 regulators and their targets. 303 Materials and methods 304 Experimental datasets 305 We downloaded the RNA-seq samples of rice, Arabidopsis, maize and soybean from 306 the NCBI Sequence Read Archive (see Dataset 1 and 2 for details, accessed on May 307 29, 2014) using the same method as our previous study (reference). After the 308 Sequence Read Archive (SRA) files were obtained, we transformed them into the 309 FASTQ format using SRA Analysis Toolkit. The FASTQ sequencing reads files were 310 firstly trimmed using Trimmomatic software (version 0.32) 36 with a parameter of the 311 minimum read length at least 70% of the original size. Then, the fastq_quality_filter 312 program included in FASTX Toolkit was used to further filtrate low quality reads, 313 with the minimum quality score 10 and minimum percent of 50% bases that have a 314 quality score larger than this cutoff value. The reads aligning and gene expression 315 estimation were carried out by our previous analysis pipeline (reference). For 
Co-expression modules controlling rice important agronomic traits
Module identification and enrichment analysis 339
A two-step decomposition procedure was adopted to identify the modular structure. 340 We first divided the whole network into co-expression modules using an efficient 341 graph clustering algorithm of Markov Clustering (MCL) with the default parameters 342 (co-expression modules with the number of genes >= 5 were remained for subsequent 343 analysis). Because the obtained co-expression modules might consist of hundreds of 344 genes with numerous functional terms and multiple functional units, we carried out a 345 second step to further subdivide the initial co-expression modules into non-redundant 346 functional modules using functional annotation similarity clustering. Our clustering 347 procedure adopted the Kappa statistics which is similar to the method used in 48 , but 348 with two important modifications. In details, a pair-wise Kappa K score was first 349 calculated for each gene using the following equations:
(2) 351 Where P(A) is the percentage agreement of functional terms between the gene pair, 352 and P(E) represents the chance agreement. For rice, the GO, pathway, InterPro and 353 Tos17 mutant phenotypes were combined as the functional terms. For Arabidopsis, 354 maize and soybean, the GO and pathways were integrated as the functional terms. 355 Based on the Kappa statistics, a seed cluster was formed for each gene by grouping it 356 with all other genes with which it shares a K score greater than a given threshold. To 357 obtain an appropriate threshold, we simulated 10000 background distributions of K 358 score by randomly sampling 1000 genes from the genome space and used the average 359 95th percentile of these distributions as the K score threshold. Seed clusters with less 360 than 3 genes were not considered. Also, seed clusters were only considered if 50% or 361 more of the K scores between all group members were greater than the given 362 threshold. Subsequently, the seed clusters were merged through an iterative process 363 that exhaustively compared each cluster with every other group and merge any two 364 that have more than 50% similarity. It continued until merging was no longer possible 365 and the remaining clusters were treated as the functional modules. As many genes in 366 the networks do not have the functional annotation, we adopted a procedure to assign 367 these genes to the obtained functional modules. For each unannotated gene within a 368 given co-expression module, we counted its connections with the genes of the 369 functional modules derived from the co-expression module. Then, we selected the 370 functional modules with the maximal links and moved the unannotated gene to these 371 functional modules. This process continued until all unannotated genes were pushed 372 to the functional modules. Note that we did not divide the co-expression modules with 373 the number of annotated genes less than 3, and they were directly regarded as the 374 functional modules. Functional modules were named after as follows: CxFy, where x 375 is the number of co-expression module and y is the number of cluster. Note, for the 376 very large co-expression modules cannot be subdivided into functional within 30 days 377 using the in-house script, we further decomposed the sub-network composed of genes 378 contained in each of these modules into smaller co-expression modules using different 379 inflate parameters so that the co-expression modules can be effectively divided into 380 functional modules. 381 The function, phenotype, known cis-regulatory motif and miRNA target enrichment 
